Labour networks, where industries are connected based on worker transitions, have been previously deployed to study the evolution of industrial structure ('related diversification') across cities and regions. Beyond estimating skill-overlap between industry pairs, such networks characterise the structure of inter-industry labour mobility and knowledge diffusion in an economy. Here we investigate the structure of the network of inter-industry worker flows in the Irish economy, seeking to identify groups of industries exhibiting high internal mobility and skill-overlap. We argue that these industry clusters represent skill basins in which skilled labour circulate and diffuse knowledge, and delineate the size of the skilled labour force available to an industry.
Introduction
Emerging from the fields of economic complexity and evolutionary economic geography, a growing emphasis has been placed on the role of embedded knowledge in the economic development of a place (Nelson and Winter, 8 ) . This literature emphasises the role of tacit know-how and skills embedded in workers, and their role in the growth of new economic activities. From this perspective, regions are constrained to diversify into 'related' activities (Frenken et al., ; Hausmann et al., ) , building on local capabilities in a path dependent manner. This branching process may be modelled using inter-industry labour mobility networks which capture skill-relatedness between industry pairs (Neffke and Henning, ).
More recently this literature has sought to engage with the concept of economic resilience, taking a non-equilibrium view of resilience as the ability of a region or place to adapt to a shock, rather than return to a pre-shock equilibrium (Boschma, ) . This framing can be related to employment and skills, and the ability of firms and works to move between sectors in response to adverse events (Diodato and Weterings, ) .
A third, connected literature focuses on the role of knowledge-flow within industrial clusters, key to innovation and labour pooling (Porter, 8; Delgado et al., ) . In this case, inter-industry labour mobility is desirable for a number of reasons, including firm learning and innovation (March, ; Catini et al., ) .
The goal of this paper is to deploy network science techniques to uncover industry clusters in inter-industry labour networks. Groups of tightly connected industries that exhibit high internal labour mobility and skill-sharing may benefit from concentration effects. Risks emerge, however, from labour market fragmentation that reduces the ability of firms to hire relevant skills and gain new know-how, and the ability of workers to seek new employment in unrelated sectors.
We develop our analysis by studying the labour mobility network of Ireland, a small open economy subject to a range industry-specific risk factors. We study inter-industry labour flows from to , using a unique dataset created from annual tax returns filed by employers on their employees to the Irish tax authorities. We find this network exhibits a highly modular and nested structure, characterising the ability of industries to benefit from similar skills. Tightly knit clusters include finance, computing, and the public sector. Workers from these sectors rarely transition into the extended economy. On the other hand construction, agriculture and food, manufacturing and the hospitality sector enjoy a higher level of external linkages, rendering their workforce more mobile and less vulnerable to external shocks.
Building on an established framework developed to model industrial diversification patterns (Hausmann et al., ; Neffke et al., ; Neffke and Henning, ), we propose a new metric to predict industry employment growth based on the size of employment within an industry's own community. This 'skill radius' captures the relevant skills available to an industry. Finally, we show how this methodological approach can be used to uncover the optimal scale at which labour pooling operates in terms of skill-sharing and skill-seeking within industry clusters.
Literature . Network structure and dynamics
Network analysis provides a uniquely powerful tool to understand and quantify complex systems whose aggregate dynamics depends not on individual agents or homogeneous populations but an underlying heterogeneous interconnection structure. Network models are increasingly used to understand the role interconnection structures play in economic and innovation-related processes, including research clusters (Catini et al., ), innovations (Hermans et al., ), worker skill complementarity (Neffke et al., ), country-level R&D efficiency Guan and Chen ( ), and the success of venture capital markets (Milosevic, 8) . Of particular relevance to this work are studies related to industry-networks, including regional skill relatedness (Fitjar and Timmermans, ; Neffke and Henning, ) , and the inter-industry propagation of microeconomic shocks to macroeconomic outcomes (Acemoglu et al., b; Gabaix, ).
Here we are concerned with a network of industries, connected by normalised worker flows, constructed for data from -. We wish to characterise the structure of the network in terms of the dynamics of labour mobility as workers move in the network. While there are a wide range of tools and approaches to studying network structure (Newman, ), we will focus on uncovering modular structure. The presence of densely connected communities of nodes, with sparse connections between communities, is indicative of an underlying sub-structure or functional organisation (Fortunato, ) . Community detection has been used extensively to study the structure and dynamics of biological and social networks (Girvan and Newman, ).
Here we propose that it is the modular structure of such networks that gives rise to 'skillbasins', clusters of highly skill-related industries within which workers circulate freely, but rarely leave. The presence of such clusters may promote internal sharing of skills and know-how, but where highly modular constrains mobility and knowledge diffusion, limiting the labour pool for firms and the job pool for workers.
While most well-known methods for community detection seek to find a single node partition under a particular optimisation strategy (e.g., modularity), it is more natural to think about a range of partitions on different scales (from many small node clusters to few larger clusters) (Delvenne et al., ) . This information can be extracted by analysing the patterns of random walkers on a network: walkers tend to get trapped in densely connected regions. Longer time-scales correspond to larger node aggregations.
Hence, here will we study the modular structure of the labour network on a range of scales, from a macro division of the economy into large groups of inter-related industries and sectors, to a fine-grained description of inter-industry mobility patterns. We can identify locally strong clustering, e.g., particularly densely connected node grouping, by studying the persistence of communities across scales. In other words, if node communities persist over a range of scales, as other communities merge into larger groupings, then we can deduce that these communities are particularly well-defined.
.

Industrial clusters
This perspective is connected to work on industrial clusters (Porter, 8) and agglomeration economies (Marshall and Marshall, ; Ellison et al., ) , whereby geo-graphically co-located groups of similar firms and industries generate positive competition and spillovers via sharing of various costs including labour, transport and learning. Clusters are an important policy tool, and form a key tenet of the EU's 'smart specialisation' strategy (Boschma, ).
Industry clusters detected in labour networks as described above exchange labour, skills and know-how. As reviewed by Glückler et al. ( ), knowledge flows between these firms transport know-how and skills, supporting firm learning and innovation (March, ). Another key benefit of industry clustering or co-location is thought to be labour pooling, offering benefits and protections to both workers and firms (Marshall and Marshall, ) . This idea can be linked to broader concept of resilience and adaptability (Diodato and Weterings, ; Boschma, ), whereby mobile workers may transition to new sectors in the event of an adverse shock. This skill-based perspective contrasts with the traditional approach of studying industry shocks and resilience using input output networks which captures buyer-seller relationships between industries (Acemoglu et al., b; Gabaix, ) , and can be seen as a complementary rather than rival framework within which to study the propagation effects of sectoral shocks.
Previous work (Delgado et al., ) has sought to identify industry clusters for US industries using inter industry linkages based on co-location patterns, input-output links, and similarities in labor occupations. The latter occupational similarities aim to capture skilloverlap in much the same manner as labour flows, but are thought to be significantly less precise (Neffke and Henning, ) and do not quantify labour mobility as such.
.
Knowledge as the foundation of economic development
Beyond industrial clusters, much of our interest in quantifying the structure of labour mobility patterns stems from an emerging focus on the role of know-how and tacit knowledge (and its dynamics) in the development paths of economies (Nelson and Winter, 8 ; Frenken et al., ; Hausmann et al., ) . From this viewpoint, countries grow as they acquire know-how or 'capabilities', and learn to combine these complementary capabilities in order to move into more complex or sophisticated economic activities. Under this framework, 'capabilities' are primarily thought of as skills, know-how or tacit knowledge, but can also include physical inputs, and other localised attributes such as institutions, culture and natural amenities. Here we focus on skill or labour market capabilities, a choice further supported by recent work which affirms the importance of skills, as compared to other attributes such as the proximity of suppliers, in the locational decisions of firms (Diodato et al., 8) .
It is the local know-how, in the form of skills learned on the job, that constrains economic development and sectoral diversification in high-income countries. In an effort to model and capture these processes, there have been a range of efforts to quantifying embedded knowledge in terms of complementary skills or capabilities. These include the economic complexity index (ECI) developed by Hidalgo and Hausmann ( ), which estimates the know-how embedded in a country based on the distribution of world-wide export activity. The ECI index is more strongly predictive of economic growth compared to standard measures of educational attainment or quality of institutions. In essence, countries which have a high ECI relative to their current GDP tend to grow in the future: they have complex knowledge ready to deploy to new more sophisticated economic activities. Others have focused on innovation, and growth at the extensive margin generated by knowledge re-combination (e.g, Balland and Rigby, ). These literatures also relate to exogenous growth theories that emphasises skills and the processes of mixing them (see, e.g., Romer, 86; Lucas Jr, 88) .
Beyond measuring embedded know-how, in order to describe development paths it is critical to identify activities that are 'proximate' in terms of their skill and knowledge requirements (Frenken et al., ; Hausmann et al., ) . That is, places move into new economic activities that share existing skills in a path dependent manner. This process can be modelled using a network, where nodes represent industries and edges represent skilloverlap (Hausmann et al., ; Neffke et al., ) . The network can be seen as an 'economic landscape': the position of a place constrains its future development path. Places with many industries located in the interior of the network share skills with many new potential industries, while those on the periphery have fewer options.
A variety of methods have been proposed to estimate the edge weights of this network, most of which aim to measure capability overlap or skill/technological relatedness. For example, we can use geographic co-location of industries as a general metric for capability overlap (Hausmann et al., ), production-input similarity as a proxy for input-sharing (Acemoglu et al., a) , occupational similarity between industries as a proxy for labour sharing (Farjoun, ; Chang, 6) , and the co-appearance of industry pairs on patents as a proxy for knowledge sharing (Ellison et al., ; Jaffe, 8 ) . However, the currently optimum (least noisy, with comparable estimates across all sectors) approach counts the number of workers who switch jobs between industry pairs (Neffke and Henning, ). Intuitively, if many workers move from one to another, then it is likely that these industries share a high degree of skill-similarity.
In order to model potential future development paths for a region, it has been common to predict the growth of region-industry employment using a metric based on the size of (regional) employment in 'related industries' (Neffke and Henning, ; Hausmann et al., ), e.g., the total employment in neighbouring industries in the network. This captures the level of available and relevant skills and know-how in the economy. The 'related diversification' literature (Frenken et al., ; Neffke et al., ) has probed a wide range of questions around local growth paths, including employment and export growth, and firm and sector entry, and urban formality rates (Neffke et al., ; Hausmann et al., ; O'Clery et al., 6 ).
Here, we will consider Ireland as a single 'region', following Acemoglu et al. ( b) , and develop a network-based metric to predict industry employment growth. Instead of considering employment in neighbouring or 'related' industries, which implicitly ignores the network structure, we consider the total employment within an industry's own community. This is the 'skill radius' of an industry (denoted 'cluster employment'). It captures the modular structure of the network, and includes additional relevant information on the skills-available to a particular industry (e.g., those in its skill-cluster).
Finally, we probe the relationship between industry growth patterns and the cluster employment across industries for a range of network partitions (from few large communities to many small communities) to reveal the optimal scale at which labour pooling operates in terms of skill-sharing and skill-seeking within industry clusters.
A st Century tiger? Ireland's industrial policy
Ireland has energetically engaged in an industrial development strategy since the s focusing on fostering international linkages (Barry, a). This 'tale of two liberalisations' describes, first, the opening up of the domestic economy from its post-War protectionist stance using tax-breaks and subsidies to foreign-owned companies. A second round of liberalisation occurred with entry into a Free Trade Agreement with the UK in 6 , and then the European Economic Community in .
Ireland's industrial development strategy has emphasised export-led growth driven by the presence of foreign-owned firms in a few sectors. This activity dominates Irish GDP. In fact, in 8, exports were % of GDP. This policy success has been internationally feted, despite recent critiques of the low taxation-based approach (Tørsløv et al., 8) .
This success also represents a potential risk to the stability of the economy. O'Clery ( 6) finds that domestic exports are distant from foreign activities in terms of the required skills and capabilities, potentially limiting positive spillovers. Bermingham and Conefrey ( ) find Irish economic growth is highly sensitive to the performance of its trading partners. Sectors known to be highly susceptible to trade shocks include agriculture, transport and financial services. Despite Ireland's success in attracting inward investment, a key issue is that employment is less concentrated than GDP would suggest. Employment is far more broadly based, with a significant presence in hospitality, construction and the public sector. Hence, in addition to policies to secure foreign direct investment, there have also been efforts to stimulate domestic firms and generate employment growth. Policies include a focus on industry-university R&D partnerships (Barry, b) , and the development of better linkages between industries (Barry, a; O'Leary and van Egeraat, 8) . This latter push is associated with efforts to support the development of knowledge clusters, whereby economic activity is spatially organised to increase concentration and thereby competitiveness and spillovers, which has been Irish government policy since the Culliton Report in .
Despite the lack of formal evaluation by the state of these policies, (O'Leary and van Egeraat ( 8)), using NUTS data O'Connor et al. ( ) found clusters were in evidence across separate regions in Ireland. Kogler and Whittle ( ) connect cluster policy to knowledge relatedness by describing Ireland's development from 8 to in terms of branching processes, whereby new technologies (captured in patent data) branch out from existing or related knowledge.
In this paper, capturing a larger swathe of service and production activity not seen in innovation studies using patent data, we focus on uncovering industry clusters based on skill-sharing. Analysing the network structure of inter-industry labour mobility provides a novel approach to identifying these clusters, and enables us to quantify the size of the skilled labour pool available to an industry, a key determinant of industry growth.
. Overview
At this stage of the paper, we provide a brief overview of our key results.
• By looking at the presence of industry-skill clusters at a range of scales, we observe a high level of labour market fragmentation in the Irish economy. In particular, finance, and the public sector are isolated in terms of labour mobility from the broader economy.
• At the largest scale patterns of labour mobility ultimately splits industries into whitecollar service sectors, and blue-collar manufacturing, agriculture, and retail sectors.
• The size of available employment in skill-related industries, defined as employment in an industry's own community or cluster, is predictive of an industry's ability to grow. This mechanism is particularly potent for services industries as compared to traditional manufacturing industries.
• We argue that this methodology enables us to identify the optimal scale at which labour pooling operates, finding that the model performs best for relatively small industry clusters (mean size of about industries).
In Section , we review the data and methods. In Section , we present the results on industry clustering and the industry growth analysis. In Section , we conclude by discussing some of the potential policy implications of our work.
Data and Methods . Data
The data used in this paper is sourced from an anonymised administrative dataset in Ireland's Central Statistics Office (CSO) . This dataset contains a separate entry for every registered employment position in Ireland in each year from to 6. The employment records are created from SPP annual tax returns filed by employers on their employees to the Irish Revenue Commissioners.
This dataset was combined with administrative data from other sources (social welfare and business registries) to exclude all employments where the employee was under the age of 6 and all employments where the employee was a pensioner, and identify the corresponding NACE . four digit code of the firm. More details on the matching and processing steps can be found in the Appendix.
This data was used to construct the inter-industry labour flow network (see next section), as well as annual employment counts by industry ( -6) . Throughout this work, the industry classification corresponds to the NACE . four digit classification.
Network construction
Once extracted, we construct the labour network, based on the skill-relatedness methodology of (Neffke and Henning, ). First, we calculate skill relatedness for each year between and . The number of employees who transitioned between two industries i and j between years t and t+1 are denoted by F ijt . The skill-relatedness is expressed as:
where missing indices mean all values are included in the variable. The denominator represents the worker flow between industries i and j that would be expected at random given the total flows of the respective industries. This is known as the Configuration Model Molloy and Reed ( ) in the network science literature. Hence, the skill relatedness metric captures excess flows beyond what would be expected at random. This measure is highly skewed, with industries that are more related than average ranging from to infinity and those that are less related than average lying between zero and one. Therefore, following Neffke et al. ( ), we transform it so that it maps onto the interval [-, ):S
To improve the precision of the indicator and protect anonymity, we average it across all yearly flows between and :
and make it symmetric:
The possibility for controlled use of confidential micro data on the premises of the CSO is provided for in the Statistics Act . The use of CSO data in this work does not imply the endorsement of the CSO in relation to the interpretation or analysis of the data. Care was taken to ensure that no individual people or firms were identifiable during this analysis. This paper uses methodology that does not (and is not intended to) correspond to statistical aggregates published by the CSO. E le c tr ic it y , g a s a n d w a te r s u p E x tr a -t e rr it o ri a l o rg a n iz a ti o n F in a n c ia l in te rm e d ia ti o n F is h in g H e a lt h a n d s o c ia l w o rk H o te ls a n d re s ta u ra n ts M a n u fa c tu ri n g M in in g a n d q u a rr y in g O th e r c o m m u n it y , s o c ia l a n d p e P u b lic a d m in is tr a ti o n a n d d e fe R e a l e s ta te , re n ti n g a n d b u s in T ra n s p o rt , s to ra g e a n d c o m m u n i W h o le s a le a n d re ta il tr a d e ; re Figure : (A) The adjacency matrix (positive edge weights) A γ for γ = 0. The matrix is sparse, and we observe some clusters of values near the diagonal, these are links between industries in the same sector. (B) The proportion of edges (e.g., the number of edges present as a ratio of those possible) within and between one-digit NACE sectors. Several sectors exhibit high levels of internal edges, combining large entries on the diagonal with few off-diagonal positive entries, including finance, public administration, and hotels and restaurants. Most other sectors, and particularly manufacturing, retail and wholesale trade, transport, real estate, community work and agriculture, do not exhibit such structure. The presence of unstructured off-diagonal linkages suggests a complex transition structure between industries not well described by sectoral groupings. (C) The top industry pairs by edge weight. We observe high values within a range of sectors including transport, forestry, fishing and farming, publishing, manufacturing, the public sector and the financial sector.
We consider the weighted undirected adjacency matrix:
Setting γ = 0 corresponds to keeping flows for which SR ijt > 1, and hence the proportion of flows is larger than would be expected at random. In many cases below we will set γ slightly higher than zero to exclude flows close to random, and perform a sensitivity analysis to check to what extent the choice of γ affects our results.
Community detection
We are interested in discovering groups of industries that exhibit high internal worker mobility in the form of network communities. There are a wide array of algorithms and techniques to perform this task as outlined above. Here, we deploy an algorithm based on
All community detection analysis is performed setting γ = 0.
simple random walk model (Delvenne et al.,
; Lambiotte et al., 8, ) . The core idea is that if a walker -who jumps from node to node with probability proportional to the edge weights -gets trapped in a region of the network (set of nodes) for a prolonged period this indicates a region of densely connected nodes which form a community.
One of the key advantages of this algorithm is that it detects communities on a range of scales, ranging from a large number of small communities to few large communities. Intuitively, if we let a random walker wander for longer periods on the network, the walker will detect larger and larger communities. Hence, we have a parameter τ which corresponds to 'time' or scale. For larger values of τ , we detect fewer, mostly larger communities.
Most community detection algorithms are composed of two components: an optimization criteria (provided here by the Stability algorithm (Delvenne et al.,
) based on a random walk process), and a searching algorithm which looks for the best node partition to satisfy the optimization criteria. This latter problem is NP-hard, and we therefore use heuristic methods, such as Louvain's algorithm (Blondel et al., 8) , to solve it. More details on these algorithms are provided in the Appendix.
At each time τ , we obtain a partition, and we need a way of assessing which ones are the most robust. Hence, for each time, we compute a large set of 'optimal' partitions using Louvain's algorithm (these are similar but distinct due to the stochastic nature of the algorithm). We then compare each pair of partitions found using the variation of information. If the mean variation of information across these pairs is low, it means that the obtained partitions are very similar, and therefore robust. This occurs for well-defined partitions, with high internal connectivity within communities and low connectivity between communities.
A network-based model for industry employment growth
Many previous studies have used industry networks to model the process by which regions or countries move into 'related' industries (see Hidalgo et al. ( 8) for a review). In the case of modelling region-industry employment growth, a number of studies have shown that the extent or concentration of employment in proximate industries (e.g., neighbours in the network) is an important factor in local industry diversification or growth patterns (e.g., Hausmann et al., ; Diodato et al., 8) . These studies typically estimate relationships of the form:
ir is the employment in industry i and region r at time t 0 , and G γ ir is the growth in employment between times t 0 and t 1 ,
Note: only industries with positive growth are included . The expression RE γ ir is the 'related employment', or the size of employment in proximate industries in the network at time t 0 :
Hence, for a region r, this is the sum of employment in all industries (expect i) weighted by their (normalised) edge weight to node i. The related employment can be seen as the size of the potential labour pool with relevant skills or capabilities. For a positive a significant coefficient β 1 , we can infer that a larger pool of similar skills for industry i (in region r) is correlated with a higher rate of employment growth for industry i. Here we consider Ireland as a single region (discussed above), and compute analogous values for G i , and RE γ i etc, e.g.,
The expression RE γ i , however, is a local metric in the sense it does not take into account the network structure other than weight the employment in neighbouring industries by the normalised edge weights. We propose an alternative form based on the community structure, whereby industries have access to labour only within their own community, which we refer to as the 'cluster employment':
where C τ i denotes the set of nodes in the community of node i at resolution τ . This approach captures the 'skill-radius' of an industry, or the size of the skilled workforce available to an industry accounting for the modular nature of the network structure.
Finally, we estimate
Below, we take an out-of-sample approach (following Hausmann et al., ; Diodato et al., 8)and employ the adjacency matrix built from years -to predict employment growth from t 0 = 2014 to t 1 = 2016. Figure ( A) shows the entries in the adjacency matrix A γ for γ = 0. We note that this matrix is sparse, and we observe some clusters of values near the diagonal. These are links between industries in the same sector. Figure (B) shows the proportion of edges (e.g., the number of edges present as a ratio of those possible) within and between one-digit NACE sectors. Several sectors exhibit high levels of internal edges, combining large entries on the diagonal with few off-diagonal positive entries, including finance, public administration, and hotels and restaurants. Most other sectors, and particularly manufacturing, retail and wholesale trade, transport, real estate, community work and agriculture, do not exhibit such structure. The presence of unstructured off-diagonal linkages suggests a complex transition structure between industries not well described by sectoral groupings. The community detection analysis in the next section will uncover an alternative classification of industries into groups based on labour mobility patterns.
Results . Network analysis
We also list the top industry pairs by edge weight. We observe high values within a range of sectors including transport, forestry, fishing and farming, publishing, manufacturing, the public sector and the financial sector.
Figure shows a visualisation of the labour flow network for Ireland. The node layout is based on a spring algorithm called 'Force Atlas' in Gephi . Nodes are sized by total employment in 6, and edges are shown over a threshold γ = 0.35. We observe a large degree of clustering of related industries, with services broadly located on the left-hand side, retail and farming center-bottom, complex manufacturing center-top and basic manufacturing and construction on the right-hand side.
Before delving into the community detection analysis, we will analyse a few simple nodelevel features of network. Figure (A-B) shows the node degree and strength (weighted degree) distributions for the network (blue bars). Nodes with high degree share many skills with other sectors, and workers move freely between them and their neighbours. On the other hand, nodes with low degree may be more specialised, sharing fewer skills with other industries.
The yellow bars reflect a random re-arrange of edges, averaged over randomisations. This exercise confirms that the degree distribution of the labour network is not random, exhibiting an increase number of nodes at both ends of the distribution compared to the randomised networks.
Node (eigenvector) centrality considers not only the number/weight of edges, but also the degree of connectedness of the neighbours (and their neighbours and so on). In this case, industries with high centrality will tend to share skills with other industries that are themselves embedded with rich connections. These industries may have access to a large and varied skill base. Industries with low centrality not only suffer few connections, but those they do have tend to be isolated. Figure (D) shows that agriculture and construction industries exhibit high average node strength, with moderate strength for financial, business and communications activities. Yet, while finance and related industries have strong 'local' or nearest neighbour connections, they do not have significant links to the rest of the network. On the other hand, both construction and agriculture appear well connected both locally and globally.
Gephi version .8 was used. The yellow bars reflect a random re-arrange of edges, averaged over randomisations. We observe that, while there is a range of values for node degree, there is a much narrower or skewed distribution for the node centralities. While most nodes exhibit low centrality, revealing low overall or higher order connectivity, few nodes have high centrality. (D) We observe that while finance and related industries have 'local' or nearest neighbour connections, these neighbours do not have strong links to the rest of the network.
.
Industry clusters
In order to extract meaningful industry groupings corresponding to labour mobility and skill sharing patterns, we apply a community detection algorithm as introduced above.
In Figure the nodes are coloured by community with resolution τ = 3. We observe a large number of meaningful node groupings, and an intuitive overall modular structure. In particular, services, finance, software and the legal and public sectors in particular -exhibit high internal connectivity, and are disconnected from the large manufacturing and farming communities on the right-hand side.
Figure (A) shows the number of communities (blue) and the variation of information (a metric related to the quality of the partition) (green) as the resolution τ increases. We observe local minima (the quality of the partition is maximised) at τ = 3, and . Hence, it is at these resolutions that the algorithm is most stable, and we can be most confident in the industry groupings. Figure (B-D) shows the communities at different resolutions (τ = 7, , and ).
We observe that, over time, finance merges with the public sector while health/retail merges with software/consulting and hotels/restaurants merge with farming and food (τ = 10). Finally, services agglomerate -with the exception of hotels/restaurants, the latter of which merge with a large manufacturing, farming, construction and manufacturing technology/ pharmaceuticals community on the right. What is striking is that services and manufacturing plus hospitality remain disconnected from each other until effectively forced to merge by the algorithm.
This highlights a potentially worrying segmentation of the economy, whereby workers and skills rarely transition from one to another. This is a particular potent result in the context of recent political developments, and the suggestion that large swathes of traditional 'blue and ). We observe that, as the resolution time increases, the number of communities decreases. Over time, finance merges with the public sector while health/retail merges with software/consulting and hotels/restaurants merge with farming and food (τ = 10). Finally, services agglomerate -with the exception of hotels/restaurants, the latter of which merge with a large manufacturing, farming, construction and manufacturing technology/pharmaceuticals community on the right. collar' workers are being left behind in the emerging 'knowledge economy', represented visually here by the left-hand side industries.
A dendrogram, seen in Figure , quantifies this merging process beginning at τ = 3. We observe that finance and the public sector merge early (τ = 5) and remain distinct until τ = 14 (olive line originating at air transport), while a large number of manufacturing clusters merge up until τ = 13 (blue lines). Finally, a third grouping containing hotels, restaurants food and farming merge at τ = 7 and remain distinct until τ = 13 (bottom). Some relationships are fascinating and most likely particular to the Irish case. For example, during boom times, the air-transport industry -and in particular private helicopter transporthas been associated with wealthy businessmen and so it is not surprising to see it merge early with finance.
We choose four sectors of particular importance to the Irish economy, and further investigate their labour mobility connections:
• Traditionally, the financial sector has been dominated by domestic banking and the service arms of major international investment banks. That may be all about to change. As London is primed for a potential mass exit of international investment banks, these firms are seeking a new hub within EU regulatory territory. Will it be possible to hire workers with relevant skills from the domestic workforce?
• The computing industry arrived in Ireland in the 8 's in the form of hardware manufacturing plants run by large multi-nationals (Intel, IBM, etc) located in the West of
The partitions generated by the community detection algorithm are not strictly nested. A simple majority rule is deployed here to produce the dendrogram. 
Figure :
A dendrogram illustrates this merging process beginning at τ = 3. Finance and the public sector merge early (τ = 5) and remain distinct until τ = 14 (olive line originating at air transport), while a large number of manufacturing clusters merge up until τ = 13 (blue lines). Finally, a third grouping containing hotels, restaurants food and farming merge at τ = 7 and remain distinct until τ = 13 (bottom).
Ireland. Yet, as the dot-com bubble burst, and costs increased relative to alternative locations, the plants were replaced by large servicing arms of these existing firms.
• One of the key export success stories of Irish firms is food and agriculture, including both high quality meats and dairy products, and other products such as baby food. These firms include both domestic firms, Irish-owned multi-nationals and foreignowned multi-nationals. Today, there are significant Brexit-related concerns for food and agricultural industries as a significant proportion of exports are to the UK.
• Construction, traditionally associated with boom and bust cycles in the Irish economy, remains a key component of the domestic economy. Characterised by precarious work, the ability of workers to move between construction and other sectors is a question of key concern.
Figure highlights the degree of community-fragmentation of individual sectors. E.g., sectors where all industries remain in the same community even for low resolutions likely exhibit intense internal mobility, but few external connections. On the other hand, sectors where multiple communities are present for low resolutions, but which merge over 'time', exhibit internal heterogeneity, and likely have connections to industries outside the sector. In combination with information on the merging processes contained in Figure , we investigate in more detail each of the key sectors listed above.
We have seen that finance industries cluster at the periphery of the network, with weak connections to both computing/consultancy and the legal sector. These industries remain a distinct cluster until τ = 5, at which point they merge with air transport. This combined community remains independent until τ = 10, at which point it merges with a range of public sector activities. Figure confirms that finance industries remain in the same community for all τ , highlighting the very strong nature of internal mobility within this sector.
We observe that software and business consultancy industries cluster in the labour network between finance, telecommunications and high-tech medical technology sectors. This positioning may be in part due to the success of Ireland in medical devices and medical IT. Figure shows that these industries remain a distinct cluster until τ = 7 before merging with various publishing and regulatory organisations. Similar to finance, Figure  shows that computing industries remain in the same community for all τ , demonstrating similarly strong internal mobility.
We observe that food processing and farming industries cluster in the labour network between hotels and restaurants on the service side (left), and whole-sale and freight in the interior of the network, and mining and construction (right). communities including fresh food, manufactured food and farming present at τ = 3 merge and remain distinct until τ = 8, at which point these clusters merge with hotels, restaurants, bars and cleaning. In agreement with the merging analysis, Figure reveals that industries within both food manufacturing and farming belong to a range of communities for small τ , which begin to consolidate from about τ = 6. This means that, rather than exhibiting a very tight mobility within these sectors, there is a heterogenous sub-structure, and mobility to and from other industries, and a tendency to be more connected to hospitality than other surrounding sectors.
Figure suggests that several construction-dominated communities merge with a range of machinery and manufacturing-dominated communities between τ = 6 and τ = 12 to form a large super-cluster of non-service related industries. Figure reveals that construction industries, like food and farming, belong to a range of communities for small τ , which begin to consolidate from about τ = 5. Again, this suggests that there is a heterogenous sub-structure, and mobility to and from other industries.
The skill radius
Having thoroughly investigated the modular structure of the network, we now turn to implications of this structure for the availability of skilled workers (or jobs) for firms (and workers). Below, we estimate the amount of relevant skilled labour available for individual sectors from outside the sector (e.g., in 'adjacent' sectors) given the labour mobility patterns found in our data. This is important from a variety of perspectives, of which we mention two here. Firstly, as discussed previously, it is the local availability of 'related' skills and workers that determines industry growth and diversification opportunities Nelson and Winter ( 8 ) Focusing on the five sectors introduced above, in Figure we show the size of 'adjacent employment', and the 'adjacent employment' as a fraction of total employment in the sector (all data from 6). This latter metric gives us a sense of how many (non-sector) skilled workers are available for each current worker in the sector. The size of the marker is proportional to the number of adjacent industries that the sector is connected to in the network. limited available employment in related sectors, relative to the other comparative sectors investigated here, to draw new workers from. This result suggests that new finance firms will struggle to hire domestic workers with relevant skills from other sectors outside of finance. Total employment in computing is significantly lower than finance, but that it shares (albeit to a lesser extent) the same challenge of limited employment in related sectors to draw new workers from.
Figure reveals that total employment in farming and food production is lower than the other sectors considered, but that there is significantly more employment in related industries. Taken together, these results suggest that farming and food production are more integrated into the labour network, exhibiting lower levels of internal mobility, and more links with other industries. We can infer from this that firms can hire from neighbouring similar industries, but also workers have the skills to move into these industries if laid off.
Figure shows that while total employment in construction is comparable to food and farming, it suffers from significantly less employment in related industries. This suggests that, while construction is well-integrated into the labour network with a significant number of connections to skill-related industries outside of the sector, these neighbouring industries are smaller (from an employment perspective), and may hence be less able to absorb new workers should construction workers be laid off. Table : OLS for sectoral employment growth as a function of log employment in the base year , the traditional related employment and cluster employment -for all industries, manufacturing only and services only. We use an edge threshold of γ = 0.2 and resolution τ = 5. .
Uncovering the optimal scale at which labour pooling operates
Following a rich literature that supports the theory that places diversify and grow based on the availability of relevant skills and capabilities, we first seek to demonstrate that a new metric, 'cluster employment', based on the network structure is predictive of industry growth patterns in Ireland.
Table shows the OLS for sectoral employment growth as a function of log employment in the base year , the traditional 'related employment' and the 'cluster employment' outlined above. We use an edge threshold of γ = 0.2 and resolution τ = 5. We observe a more robust result relationship between industry growth and cluster employment compared to related employment, with little contribution from the size of employment in the base year 6 . In general, the size and sign of the coefficients and statistical indicators are consistent with the literature.
Our main goal, however, is to deploy this framework to assess at which scale does labour pooling operate when it comes to skill-sharing and skill-seeking by growing industries. In other words, what is the 'correct' partition of the network into groups of industries that share workers and skills?
In order to do this, we investigate the relationship between industry growth and cluster employment across a range of τ . We know that, as τ increases, communities become larger. Our quality indicator (variation of information) suggests that the communities are less well-defined from about τ = 7 onwards, but the strength of clustering is inhomogeneous across the network as seen from the merging analysis.
First, fixing the edge threshold at γ = 0.2, we compute the coefficient, t-stat and r-squared, across all values of τ . We observe in Figure that each of these metrics peaks at resolution τ = 5. We confirm this result by varying both edge threshold γ and resolution τ , observing that resolution τ = 5 is consistently high performing over a range of γ (relative to other partitions). This is interesting, suggesting that the partition corresponding to τ = 5 represents the skill radius, or the optimal scale at which labour pooling occurs.
A detailed visual representation of the partition corresponding to τ = 5 is provided in the Appendix. It is composed of 8 communities, each containing between 6 and indus-tries. If we scrutinise the dendrogram shown in Figure , we observe that most of the communities identified and labelled at τ = 3 remain intact with a few merges occurring by τ = 5 including finance with air transport, household goods with paints and hardware, plastic goods with chemicals, and prepared food with manufactured food.
What is most interesting, however, are the sectors which remain distinct. While they are too numerous to list individually, we can note that government functions, finance and business remain unmerged. Similarly, there exists a complex substructure of communities within manufacturing and construction. Finally, real estate remains distinct from retail, as does farming and food manufacturing.
Conclusion & policy implications
The goal of this paper is to uncover the network structure of inter-industry labour mobility patterns in Ireland. We argue that the presence of a modular structure in which groups of nodes exhibit high internal mobility and skill-overlap limits the exchange and migration of skills and information throughout the economy. 
